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• LLMs typically sample a reasoning path and then parse the answer when reasoning.

Background: LLM Reasoning

Problem 𝒙: Preliminary investigation revealed that during a public first aid
operation, the defendant, Li, took advantage of the victim‘s inattention and used
a razor blade to slash open the victim’s clothing bag, stealing…

Reasoning path "𝒕: Based on the facts you provided, the amount involved in this
case is calculated as follows: 1. Value of the stolen mobile phone: appraised at
RMB 2,800; 2. Value of the stolen cash: RMB 500. Total amount involved =
Mobile phone value + Cash value = RMB 2,800 + RMB 500 = RMB 3,300.
Reasoning answer $𝒚: 3300 RMB Parsing $𝒚 = 𝑔("𝒕)

LLM Sampling "𝒕~𝑝(𝒙; 𝜽!!")
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• Sampling-based test-time scaling methods further leverage multiple reasoning paths
to enhance reasoning performance.
• Two typical sampling-based test-time scaling methods are:

Background: LLM Reasoning

Self-Consistency Method Perplexity Method
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Theoretical Framework

• First theoretical framework for LLM reasoning in context of confidence estimation:
a) Treat both consistency and probability as confidence estimation 𝑝̂ #𝑦 𝒙); 

b) Compare them with the ground truth using mean squared error (MSE);

c) Decompose reasoning into estimation error (which is only related to the algorithm) and model 
error (which is only related to the model).

How can different test-time scaling methods for LLM reasoning 
be compared theoretically?
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Theoretical Insights

• Self-consistency methods (confidence is estimated based on consistency)

• Perplexity-based methods (confidence is estimated based on probability)
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Estimation error: Linear decay
Model error: Consider the structure of the answer space through parsing function 𝑔

Estimation error: Exponential decay
Model error: Cannot utilize prior knowledge of parsing function 𝑔
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Method

• Reasoning Pruning Perplexity Consistency (RPC)
—— a simple approach to combine advantages of self-consistency and perplexity

Estimation Error: Exponential decay; Model Error: Identical to that of self-consistency method.
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Experiments

Efficiency: Reduce 50% sampling overhead for LLM
reasoning at the same performance level.

Reliability: Improve the LLM
reasoning reliability metric.

Generality: Effectiveness has been validated on code generation and commonsense reasoning tasks.
Additionally, this approach is applicable to recent R1 LLMs.

Code Commonsense R1 Model
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Conclusion
• This paper presents the first theoretical framework for analyzing test-time scaling

methods in LLM reasoning.
• We propose a novel method that combines the advantages of two existing methods.
• Experimental results on mathematical, code generation, and commonsense reasoning

tasks demonstrate the effectiveness of our method. Thanks!
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